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Abstract
We quantify the price discovery contribution of high-frequency traders (HFTs) in
the United Kingdom equity market and examine how it varies in their cross-section.
For this, we group individual HFTs according to their liquidity taking/making ac-
tivity. HFTs contribute about 14% of all trade-induced information, with aggressive
HFTs accounting for two-thirds of this contribution. This suggests that HFTs who
pursue strategies that require use of aggressive trades are the most informed, as
opposed to passive HFTs who more likely act as market makers. However, informa-
tion shares decline with the amount of aggressive volume, suggesting that HFTs’
news trading strategies are not scalable.
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Over the past few years, “High-Frequency Trading” (HFT) activity has become prevalent
in a number of securities and derivatives markets, accounting for a significant fraction of
the trading volume.1,2 As a result, and following the May 6, 2010 “Flash Crash” in the
United States, HFT has caught the attention of academics and policy makers worldwide.
The debate has mainly centered around the impact of HFT on various aspects of market
quality, such as liquidity and price discovery.3 Indeed, regulators on both sides of the
Atlantic have implemented or are contemplating rules aimed at mitigating any potentially
detrimental effects of HFT activity on market quality.4
This paper utilizes proprietary transactions data from the equity market in the United
Kingdom (U.K.), over a four-month period, to assess and quantify the impact of various
types of HFT firms on price discovery and also compare and contrast their information
contribution against each other and against all other market participants. Thus, in this
paper we extend previous work on the subject (e.g., Brogaard, Hendershott, and Riordan
(2014a) and references therein) by examining how price discovery varies in the cross-
section of HFT firms.
The data we use is uniquely suited for this exercise as it allows us to identify market
participants and track the activity of individual HFT firms. Additionally, our data cap-
tures the activity of some of the largest stand-alone HFTs, in one of the world’s major
stock markets. Although we observe activity at the firm level, for confidentiality reasons
we group HFT firms according to their overall liquidity taking/making behavior into
1We use the acronym “HFT” to denote both high-frequency trading activity and high-frequency
traders.
2For a detailed overview of HFT characteristics, see AFM (2010), SEC (2010), and Jones (2013).
3See CFTC-SEC (2010) for the official report on the Flash Crash. See Haldane (2011) and Shapiro
(2012) for a regulatory perspective of HFT.
4For instance, as part of the revision of the Markets in Financial Instruments Directive (MiFID)
in Europe, regulators will require HFT firms to provide a detailed description of the algorithms being
used and to test-run these algorithms extensively before rolling them out. MiFID will also limit the
ratio of submitted orders to executed trades, which is bound to affect HFT activity. (See Articles 17.2
and 48.6-9 of the MiFID document available at: http://eur-lex.europa.eu/legal-content/EN/TXT/
?uri=CELEX:32014L0065.) In the U.S., the Securities and Exchange Commission (SEC) is contemplating
“anti-disruptive” trading rules as a means of inhibiting excess volatility that might be caused by HFT.
See the relevant section of a June 5, 2014 speech by SEC Commissioner Mary Jo White, available
at:https://www.sec.gov/News/Speech/Detail/Speech/1370542004312.
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“passive,” “neutral,” and “aggressive” groups and study the information contribution of
each group.
We start our analysis by examining the inventory dynamics of the above groups, across
the four largest U.K. lit venues. We do this in order to see how HFT aggressiveness (our
grouping criterion) is associated with HFTs’ trading patterns. We find that over longer
horizons (measured in hours), the inventories of all groups are mean-reverting and exhibit
very similar patterns of serial correlation. However, over shorter horizons (measured in
seconds), the various groups manage their inventories in markedly different ways. In
particular, aggressive HFTs appear to be insensitive to recent (i.e., 10 second) price
changes, consistent with news trading. Neutral HFTs are trend chasers (i.e., they trade
in the direction of recent price changes), which is suggestive of momentum strategies.
Finally, passive HFTs trade in the opposite direction of only the previous second price
change, which is consistent with a market making strategy.5 At the same time, aggressive
and passive HFTs are more sensitive to their accumulated inventory level, whereas neutral
HFTs are less so and as a result accumulate larger intra-day positions. The analysis of
HFT inventory dynamics reveals substantial heterogeneity in trading patterns. This raises
the question of how HFT firms with such different trading patterns contribute to price
discovery and motivates the rest of the paper.
To examine how information contribution varies in the cross-section of HFT firms, we
look at the price impact of the liquidity-taking trades of the HFT firms in each group. We
focus our price discovery analysis on a single order book and for this reason we use data
on trades exclusively executed on the London Stock Exchange (LSE), the largest U.K. lit
venue by trading volume. Our LSE data captures a larger share of overall market activity
than the data used previously to study HFT. This is because lit volume in the U.K. is less
fragmented than in the U.S., where most other HFT studies use data from, and as such,
the LSE attracts a larger share of lit volume than any of the U.S. exchanges individually
does. For example, during our sample period and depending on the particular stock, the
LSE accounted for 55%-70% of the total U.K. lit volume.
5A price increase (decrease) is likely to hit an ask (bid) quote and thus trigger a sell (buy) by a HFT
present at the top of the book.
3
For our analysis, we first estimate a calendar time specification where we regress price
changes on contemporaneous and lagged group-level HFT order flow. We find that the
order flow of aggressive HFTs is in the direction of future price changes whereas future
prices are either insensitive or move in the opposite direction of the order flow of the
other groups. This is consistent with the order flow of aggressive HFTs having a larger
information content than that of the other groups.
Next, we use the VAR framework introduced by Hasbrouck (1991a, 1991b) to exam-
ine, in tick time, the information contribution of the various groups. In tick time, one can
sequence transactions and quote updates and, using an appropriate econometric specifi-
cation, it is possible to more accurately isolate a (Granger) causal link between trades
and price changes. Thus, we avoid the potential endogeneity bias of clock time specifi-
cations with contemporaneous variables. In the Hasbrouck VAR framework, a trade in
the direction of a permanent price change is associated with price discovery whereas a
trade in the direction of a transitory price change is associated with noise. We therefore
assess how much the aggressive trades of each group and of the other market participants
contribute to the variance of permanent price changes and compare these contributions
with each other.
We find that HFTs collectively contribute about 6% of the total information through
their aggressive trades, the rest of the market participants contribute about 37%, while
quote updates account for the remaining 57.3%. Furthermore, HFT information con-
tribution varies substantially across groups, with aggressive, neutral, and passive HFTs
contributing respectively 4.1%, 1.3%, and 0.7% of the total information. This HFT infor-
mation contribution amounts to about 14% of all trade-induced information contribution.
The larger information contribution by aggressive HFTs is consistent with them fol-
lowing news trading or statistical arbitrage strategies (both of which rely heavily on
aggressive trades). The limited amount of information that the passive group contributes
is consistent with market making activity, which involves posting limit orders and only
using aggressive trades sporadically to make quick inventory adjustments. It should be
noted however that these results do not necessarily imply direct causation from HFTs’
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trades to permanent price changes. HFTs could simply be anticipating quote updates
or trades by other informed investors rather than generating the information themselves.
In the context of the Hasbrouck model we cannot distinguish between these alternative
explanations and even if an HFT’s trades simply predict - rather than cause - permanent
price changes, this still counts as information contribution.6
When scaling the shares of information contribution by the shares of the aggressively
executed volume of each group, we find that aggressive HFTs have a lower information-
to-volume ratio than neutral HFTs, which in turn have a lower ratio than passive HFTs
(0.81 vs. 1.80 vs. 4.96). We interpret this as evidence of the lack of scalability in
the types of strategies that at least the most aggressive HFTs pursue. Intuitively, as
the set of signals to which HFTs choose to respond via aggressive trades expands, the
average amount and/or quality of information that can be extracted and traded upon
declines. This can either be because the signals become noisier, or because they become
more complex and thus harder to process, or because the HFTs are capacity-constrained
and are forced to allocate less computing power per signal, as their number increases.
Alternatively, it could be because of sheer competition among HFTs.7 These findings
also cast doubt on the notion that passively trading, market-making, HFTs only use
aggressive orders to make inventory adjustments. Rather, they point to the presence of
multiple trading desks and strategies even within these predominantly passively trading
firms.
Our paper contributes to a fast-growing literature on HFT and algorithmic trading.
The impact of the various HFT strategies on price efficiency in unclear. For example, in
Martinez and Rosu (2013) and Foucault, Hombert, and Rosu (2015), HFTs react faster
to news and therefore cause prices to become more efficient. On the other hand, in
Jarrow and Protter (2012), HFTs react simultaneously to common signals, which creates
an excessive price impact and moves prices away from fundamentals. Our paper is closest
in scope to Brogaard, Hendershott, and Riordan (2014a), who use NASDAQ transactions
6We thank an anonymous referee for highlighting this point.
7For example, Baron et al. (2016) show that HFTs compete fiercely in the E-mini market to the
extent that new entrants are often forced to exit the market.
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to establish that, overall, HFTs contribute to price efficiency by trading in the direction
of permanent price changes and in the opposite direction of pricing errors. We use a
similar framework as they do, but focus instead on how HFT price discovery varies in the
cross-section of HFT firms. Additionally, we provide an estimate of the absolute amount
of information impounded onto prices via aggressive HFT trades. Related work also
includes Hirschey (2013), who uses the same NASDAQ data as Brogaard, Hendershott,
and Riordan (2014a) and finds that HFT firms can predict the order flow of non-HFT
ones. This may suggest that HFTs could be free-riding on the information acquisition
efforts of other market participants. In our paper, we do not attempt to explain and
test the reasons why some types of HFTs contribute more information than others. Our
paper is also related to Benos et al. (2015), who document that HFT activity is more
correlated than that of a control group of firms and that instances of correlated trading
are associated with permanent price impacts, suggesting that they are information-driven.
Other related papers include Hendershott and Riordan (2011), who find that for DAX-
traded equities, algorithmic trades (not just HFT ones) contribute more to price discovery
than human trades, Hendershott et al. (2011), who find that algorithmic trading enhances
the informativeness of quotes on the NYSE, and Chaboud et al. (2014), who show that
algorithmic traders improve the efficiency of the foreign exchange market as captured
by the frequency of triangular arbitrage opportunities and the autocorrelation of high-
frequency returns. Also, Hendershott and Moulton (2011) look at price efficiency before
and after the introduction of the NYSE-hybrid market. They find that with the NYSE-
hybrid market in place, order execution times fell, thus causing prices to adjust faster
to new information. However, these authors do not focus specifically on HFT activity.
Other HFT studies that employ proprietary data are Hagstro¨mer and Norde´n (2013),
who give a thorough description of the activity of the various HFTs in the Swedish stock
market and Brogaard et al. (2014b) who study the impact of HFT on the execution
costs of institutional investors. Finally, our paper is related to recent studies of HFT
competition and industry structure. These include Baron et al. (2016), who show that
the HFT industry has a “winner-takes-all” structure, whereby most profits accrue to
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a few incumbent firms and Boehmer, Li, and Saar (2015), who document competition
among HFTs in a variety of common strategies.
The rest of the paper is organized as follows: In Section 2, we describe the data and
present summary statistics on the behavior of the HFT firms in our sample. In Section
3, we analyze the inventory dynamics of each group and in Section 4 we examine the
cross-section of information contribution. We conclude in Section 5.
2 Data and summary statistics
2.1 Data properties and filters
Our main dataset consists of transaction reports on 92 FTSE 100 stocks,8 over the four-
month period from September 1, to December 31, 2012, executed on the four largest
(by volume) U.K. venues: LSE, Chi-X, BATS, and Turquoise. The data are obtained
from the ZEN database, which is maintained by the U.K. Financial Conduct Authority
(FCA).9 The trader-submitted reports contain information on the execution price, trade
size, time stamp (accurate to the second), location, and, importantly, submitter identity.
The reports also include a buyer/seller flag and information on whether the submitter
executes a given transaction in a principal or agent capacity. The ZEN database captures
the trading activity of all firms directly regulated by the FCA, as well as that of firms
that trade through a broker (brokers are regulated and as such must report their clients’
transactions).
Knowledge of the identities of the transaction report submitters allows us to precisely
identify individual HFT firms. We classify a firm in our sample as a HFT one based
on discussions with FCA supervisors.10 We thus identify 28 firms as HFTs; however,
we do our analysis using the ten largest firms, which account for more than 95% of the
8These are the stocks that always remained in the FTSE 100 Index during our sample period.
9The FCA is the financial regulatory body in the U.K tasked with supervising financial markets,
exchanges, and firms.
10Classification as an HFT firm is based on a number of criteria, such as the frequency of orders
and trades, the ratio of orders to executed trades, the amount of overnight positions held, the lifetime
of limit orders, whether a firm uses proprietary capital, as well as whether it utilizes latency-reducing
technologies. To be classified as an HFT, a firm would have to satisfy multiple of these criteria.
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total volume of the 28 firms. For confidentiality purposes, we do not report statistics on
individual firms; instead we allocate the HFT firms into three groups according to their
overall liquidity making/taking activity (i.e., their aggressiveness), and report statistics
for each group separately.
One limitation of the data is that we do not observe the trades of any HFTs that
are direct members of the various exchanges but are not FCA-regulated. Nevertheless,
almost all large proprietary HFT firms operate in the U.K. as local legal entities and
as such are captured in our data. We also cannot identify the activity of HFT desks of
larger institutions with multiple trading desks (such as investment banks) operating in
the same market. This is because the trades of these institutions are all reported under
a single name. Furthermore, although we do observe the behavior of HFTs that trade
through a broker, it is not easy to identify these trades as the various brokers use internal
codes to identify their client HFTs. Nevertheless, the majority of stand-alone HFTs trade
through their own accounts as sponsored access would likely slow them down. As such,
these HFTs are captured in our data.
We complement the ZEN data with Bloomberg data on trades and quotes from the
LSE. The Bloomberg data have three useful properties. First, the data contain the LSE-
executed trades of all market participants regardless of whether they are FCA regulated
or not. This allows us to accurately estimate the volume participation of the HFT firms
in our sample. Second, Bloomberg transaction reports with the same second-level time
stamp are chronologically ordered. Thus, by matching the ZEN and Bloomberg trade
reports for the HFTs, we can precisely identify the exact sequence of HFTs’ trades and
also how they are ordered relative to all other trades. Finally, the Bloomberg data include
all quote updates at the top of the LSE order book. Thus, by matching the HFTs’ ZEN
trade reports with Bloomberg quotes we can identify the direction of each trade executed
on the LSE by the HFTs using the Lee and Ready (1991) algorithm. In the Appendix, we
explain in more detail exactly how we apply the Lee-Ready algorithm to our data. Given
that the Bloomberg data contain no information on trader identity, the matching itself
is done by time stamp, trade size, and trade price. The matching accuracy is high as we
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are able to match more than 99% of ZEN HFT reports with their equivalent Bloomberg
reports. Over our sample period, LSE daily volumes accounted for 55% to 70% of the
total U.K. lit volume for FTSE 100 stocks.11
For our analysis, we apply a number of additional filters on the ZEN and Bloomberg
data sets. Since we are interested in the impact of HFT activity on lit markets, we exclude
any over-the-counter (OTC) transactions, as well as any transactions executed on dark
pools. We also only retain matched reports that are time stamped after 8:01am and
before 4:30pm so as to exclude trades that are associated with the opening and closing
auctions. After applying these filters, we are left with 83% of the total volume executed
by all HFTs in our sample.12
2.2 Variable definitions
Using the ZEN transactional data, we first construct a number of variables in order to
describe overall HFT activity. Let V lmistk denote the signed volume of transaction k in
stock s on day t by HFT firm i. Therefore, the daily volume on that stock traded by the









|V lmistk|Pistk , (2)
where Pistk is the execution price of trade k. Assuming that HFTs start the day with a




V lmistk . (3)
11Fidessa Fragmentation Index available at http://fragmentation.fidessa.com/fragulator/.
12ZEN OTC/dark trade reports appear to be less accurately time stamped than order book trade
reports. For instance, for a subset of the HFT firms in our sample, we could only match 50% of the ZEN
reports with a same-second Bloomberg trade report.
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Given that HFTs generally end the day with a relatively flat position, it is also interesting







V lmistk| , (4)
where again, k denotes trades. Using the above variables, we can also calculate a HFT’s




−V lmistkPistk + EoDPOSistPst , (5)
where Pst is the closing price on day t for stock s, the assumption being that any out-
standing positions at the end of the day are liquidated at the closing price.
Finally, using LSE quotes, we classify LSE-executed trades by HFTs as either liquid-
ity making or liquidity taking. These are trades that are executed via limit and market
orders respectively and are classified as such using the Lee and Ready (1991) algorithm.
In the Appendix, we explain in detail how this is done. After classifying each transaction
k of firm i as either aggressive or passive, we calculate the firm’s volume-weighted aggres-
siveness ratio for stock s, on day t, i.e., the ratio of volume traded aggressively divided
by its total trading volume:
AggrRatioist =
V lmtakeist




where the superscripts indicate whether the trading volume has been aggressively (“take”)
or passively (“make”) executed. Thus, the aggressiveness ratio shows the extent to
which a HFT supplies or consumes liquidity. In order to highlight the diversity of HFT
strategies and examine separately their impact on price discovery, we split the HFTs
in our sample into three groups based on their median aggressiveness ratio over stock-
days: the “aggressive” ones (with median(AggrRatio) > 0.67) the “neutral” ones (with




Table 1 shows the summary statistics over HFT-stock-days for the variables described
above. These statistics have been calculated both for all HFTs grouped together and
separately for each of the three groups (aggressive, neutral, and passive). We also report
volume-weighted averages and standard deviations for some of the variables so as to more
accurately describe aggregate HFT activity. In conjunction with Table 1, the various plots
of Figure 1 show the actual frequency distributions, over HFT-stock-days, of some of the
variables.
The average HFT firm trades about 360,000 shares and £2 million in a given stock,
on a given day, across the four U.K. lit venues. This amounts to about 3% of the daily
volume for that stock, or up to a maximum of 30% for all the HFTs in our sample
collectively.14 However, the large differences between average and median volumes and
values suggest that there is substantial heterogeneity across HFTs, with few large HFTs
skewing the statistics. The group statistics indicate that these large HFTs tend to be
aggressive traders: Indeed, the median volumes and values of the aggressive HFTs are
twice as large as those of the neutral and passive HFTs.
The HFTs in our sample trade on average 439 times per stock-day. As with traded
volumes and values, this number is skewed by a few HFTs since the mean number of
trades is substantially larger than the median of 224 trades. The frequency distribution
on the number of trades in Figure 1(b) shows that HFT activity is variable: there are
stock-days where some HFTs barely trade and others when they trade heavily. In fact,
HFTs trade fewer than 20 times in about 12% of the stock-days and importantly, this
is also the mode of the frequency distribution. Additionally, it is in less than 3% of all
13We use fixed breakpoints instead of terciles in order to classify HFTs so as to ensure that the
classification accurately reflects the activity of each HFT. If we used terciles, a hypothetical HFT with
an aggressiveness ratio of above 50% could in principle be classified as passive.
14To the extent that HFTs trade with each other, adding up their volume participation will result in
double-counting. This number is therefore an upper bound of HFT total participation and is attained
if the HFTs in our sample do not trade with each other. Unfortunately, the data does not allow us to
assess the extent to which HFTs trade with each other.
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stock-days that a HFT trades more than 2,500 times per stock-day. The most frequently
trading firms are the aggressive HFTs followed by the passive and neutral ones.
Over our sample period, the average HFT generates a trading revenue of about £760
per stock, per day, before rebates and fees, across all four lit venues. However, the median
HFT generates only £20 per stock-day while the 5th and 95th percentiles are in the order
of thousands of pounds. This is also true for each group and suggests that there is some
time variation in the generated profits. This, in turn, highlights the fact that the business
model of HFTs is largely based on diversification over many trades: although on a given
stock-day, HFTs may experience substantial gains or losses, they generate on average a
modest trading surplus.
HFTs also end the day with relatively flat positions (10% of the daily volume traded
on the limit order book) with the aggressive and passive HFTs ending the day with even
smaller relative positions at 6% and 7% of their daily volume respectively. When one
also takes into account trades executed by HFTs off the four main limit order books,
the relative end-of-day position becomes even smaller at about 5% for all HFTs. This
suggests that HFTs use to some extent the OTC market in order to make inventory
adjustments. Additionally, the maximum intra-day positions reached by HFTs are not
substantial, suggesting that HFTs tightly manage their inventories throughout the day.
This is also evident from the number of zero crossings (i.e., instances when their inventory
shifts between values that are above and below of the daily average): on average, HFTs
experience about 15 zero crossings on a stock-day basis but again, this number is skewed
by a few HFTs in the neutral category with a much larger number of crossings. Thus,
the median HFT experiences only six zero crossings on a given stock-day.
On a stock-day basis, HFTs are more frequently passive than they are aggressive,
with an average ratio of 46%. In value terms however, they are mostly aggressive with
a value-weighted average of 52%.15 Nevertheless, these numbers mask the substantial
heterogeneity of average aggressiveness across HFTs. This is evident by comparing the
average ratios of each of the three groups: the aggressive HFTs take liquidity 82% of the
15This is in contrast to Hagstro¨mer and Norde´n (2013), who find that on NASDAQ-OMX Stockholm
exchange, liquidity supplying HFTs account for about 57%-59% of the value traded.
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time, whereas the passive HFTs do so only 11% of the time. Figure 2 shows the average
aggressiveness ratio of each of the three groups and for all HFTs over time. It is evident
that these ratios are relatively stable, suggesting that HFTs do not significantly alter
their liquidity taking/making behavior over time.
Overall, the summary statistics suggest that HFT behavior is very diverse: for exam-
ple, the low aggressiveness ratios of the passive firms are consistent with high-frequency
market-making, whereas the aggressive group of HFTs could be employing some other
high-frequency strategy that relies more heavily on a speedy order execution, such as
statistical arbitrage or event trading. Thus, in what follows, we examine separately the
activity of each group, along with its impact on price discovery.
3 HFT inventory dynamics
We start by looking at the long- and short-term dynamics of HFT inventories. Our
goal is to see whether the different aggressiveness ratios of the groups also translate into
markedly different inventory patterns. This is motivated by the intuition that different
patterns of liquidity taking/making activity should be associated with markedly different
strategies. For example, SEC (2010) suggests that the primary source of profits for
market-making HFT strategies is the bid-ask spread and the liquidity rebates offered by
the various venues. This implies that market-making HFTs might be sensitive to their
inventory levels and therefore quickly reverse a position in order to reduce their exposure
to unanticipated price changes. SEC (2010) also describes two additional types of HFT
strategies: arbitrage strategies try to exploit pricing differences between related assets
(e.g., an ETF and its components) while directional strategies involve taking an un-
hedged position based on anticipated price changes (e.g., exploiting differences between
observed and fundamental values). HFTs employing either of these strategies might have
a lower short-term sensitivity to inventory levels due to the need to hold on to a position
until prices move in the desired direction. In addition, a directional strategy exploiting
momentum in prices would involve trading in the direction of the short-term price trend.
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3.1 HFT long-term inventory dynamics
Although the end-of-day positions reported in Table 1 are not large and do not vary much
between the three groups, they are still not zero, suggesting that perhaps some longer-
term dynamics might be at play. To examine this, we look at lagged autocorrelations
of inventories sampled at various frequencies.16 For this, we first construct long-term
inventory positions for each HFT and stock by carrying over any previous day outstanding
positions. We then calculate autocorrelations of inventories by sampling the data at
various frequencies and finally average the estimated autocorrelations for all the HFTs in
each of the three groups. In Figures 3 and 4, we plot autocorrelation functions constructed
in this manner for data sampled on daily and two-hour frequencies respectively.17 It is
evident from Figures 1 and 2 that over the longer run the HFT inventories of all groups
are mean-reverting. In particular, Figure 4 shows that any serial dependencies disappear
after three lags (i.e., six hours).18
3.2 HFT short-term inventory dynamics
We estimate a model of second-by-second inventory changes for the HFTs in our sample,
to see whether there are broad differences in trading behavior across the three groups
over the short term. For this, we estimate an empirical model of change in holdings,
similar to the one in Kirilenko et al. (2014), by aggregating the holdings of the HFT
firms across all of the four lit venues in our sample (LSE, Chi-X, BATS, and Turquoise).
Aggregating in this manner is necessary as HFTs have been shown to control inventory
by simultaneously trading in multiple venues (Menkveld, 2011). Thus, for each HFT,
16We thank an anonymous referee for this suggestion.
17We can calculate autocorrelations of higher than daily frequency using order book data only. This
is because OTC and dark pool trades are not accurately time stamped or not time stamped at all. Daily
autocorrelations including OTC and dark trades are almost identical to the order book ones reported
here and for this reason are omitted. They are available upon request.
18Autocorrelation functions calculated in the same manner at different frequencies are consistent with
these patterns and are omitted for brevity. Also, partial autocorrelation functions show significance
only at the first lag for all intra-day sampling frequencies, suggesting that any short-term conditional
dependencies are fully captured by the first inventory lag. Finally, in a series of augmented Dickey-Fuller
tests for each HFT-stock, we reject the null hypothesis of a unit root for all groups and all sampling
frequencies (ranging from five minutes to two hours) in more than 97% of the cases. These results are
also available upon request.
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stock and day, we estimate the following model of position changes:
∆yt = φ∆yt−1 + δyt−1 +
10∑
k=1
βkRt−k + ut , (7)
where t denotes a second-long time interval. To ensure statistical significance, we only
use for the estimation HFT-stock-days with at least 50 non-zero observations. yt is the
level of the HFT inventory in number of shares, in a given stock and on a given day at
time t, assuming the HFT starts the day with a zero inventory19. Rt is the return of a
given stock over the time interval t. We calculate returns using the last quote midpoints
of each second, so as to minimize the bid-ask bounce bias. All variables are demeaned
and standardized using the same HFT-stock-day means and standard deviations. We
do this so as to render the estimated coefficients comparable across HFT-stock-days.
The coefficients φ and δ can be interpreted as the strength of short- and long-term
mean reversion respectively and are intended to capture the dynamics of HFT inventory
management. The coefficients on the lagged returns on the other hand are intended to
capture the dynamics of HFT strategies.
After this first set of estimations, we test whether the simple and weighted averages
(over HFT-stock-days) of the estimated coefficients are zero, separately for the aggressive,




wisdφˆisd = 0, δ¯ ≡
∑
i,s,d
wisdδˆisd = 0, β¯k ≡
∑
i,s,d
wisdβˆisdk = 0 , (8)
where i denotes HFT firms, s denotes stocks and d denotes days. For these tests, we
cluster the test statistics by stocks and HFT firms. The weights are wisd = 1/(i× s× d)
for the simple averages and wisd = V alisd/
∑
i,s,d V al
isd for the weighted ones and V alisd
is the value (in GBP) traded by firm i, in stock s, on day d.20
19The results are identical when we use instead positions constructed by carrying over any previous
day positions. This is because the key variable is the change in inventory and also because all variables
are standardized.
20We also estimated the model both without the lagged dependent variable and with additional lags
of the dependent variable, thus removing low order serial correlation. The point estimates of both the
lagged dependent variable and of the other regressors appeared to be robust across specifications.
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Table 2 shows the results of these tests of means. The table shows that the aggressive
and neutral groups trade in the same direction from one second to the next, whereas the
passive group tends to alternate between buys and sells. The table also shows that the
HFTs (especially the aggressive and passive ones) are sensitive to their inventory levels
(δ¯ < 0). In other words, over a longer period, the positions of the HFTs are mean-
reverting. This is consistent with the previously reported inventory autocorrelations
and also with the SEC (2010) concept release suggesting that HFTs do not take large
directional positions and instead aim to end the day with as flat a position as possible.
Nevertheless, the three groups of HFTs differ in their sensitivities to inventory levels, with
the neutral group being the least sensitive in a statistical sense. This would imply that
neutral HFTs inventory levels are more persistent over time and more likely to reach high
values intra-day, which is confirmed in the summary statistics in Table 1: the volume-
weighted maximum intra-day position of the neutral group is about three times as large
(at 27%) as that of the passive and aggressive groups (10%).
As far as HFTs’ sensitivity to recent (i.e., 10-second) returns is concerned, there are
also stark differences between the groups. Aggressive firms are insensitive to recent price
changes, which is consistent with trading strategies that involve reacting quickly to new
information. Neutral firms trade in the direction of price changes, buying when prices
rise and selling when they drop. This relationship is primarily driven by the most recent
price changes and it decays monotonically over the course of a 10-second period. This
suggests that neutral firms are trend chasers which could be the result of them following
some kind of momentum strategy.
Finally, passive firms trade in the opposite direction of recent price changes with this
effect being entirely driven by the most recent (i.e., one-second) price change. This is
consistent with market making behavior: as prices rise (or fall), passive firms’ ask (bid)
quotes are likely to be hit, triggering a sell (or buy) transaction. It is also consistent with
passive HFTs’ trades being adversely selected due to stale quotes. It is worth mentioning
that these patterns are similar to the price/HFT flow correlations reported by Brogaard,
Hendershott, and Riordan (2014a) in Figures 1-3, despite the fact that our specification
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and the underlying data set are entirely different. This points to consistent patterns of
HFT behavior across markets and over time.
Overall, these results highlight the diversity of HFT activity in the U.K. equity market.
They point to different inventory control mechanisms and different trading strategies that
result in the various groups having different degrees of sensitivity to short-term price
changes. They also suggest that the different HFT strategies may have a different impact
on price discovery.
4 HFT activity and price discovery
In this section, we assess the informativeness of the trading activity of the various groups
of HFTs. That is, we assess and compare the informativeness of the liquidity-taking
trades of the groups in our sample, as well as that of the other market participants. Our
goal is to see whether and how the information content of trades varies with the type
of HFT firm and how this content compares to that of other traders. As mentioned
above, HFTs may either make a positive contribution to price discovery [e.g., by reacting
faster to news as in Martinez and Rosu (2013)] or a negative one [e.g., by simultaneously
reacting to common signals and thus creating price pressure, as in Jarrow and Protter
(2012)]. It is therefore plausible that HFTs contribution to price discovery varies with
the trading strategies employed.
To examine this, we first assess the information contribution of each group by es-
timating a standard price impact regression in calendar time. However, calendar time
price impact regressions have some limitations. For example, the estimated coefficients
could be biased due to endogeneity arising from the use of contemporaneous order flow
and returns.
For this reason, we also study HFT information contribution using the Hasbrouck
(1991a, 1991b) VAR framework. This well-established methodology has several advan-
tages. First, it operates in tick time and utilizes the exact sequence of trades. This
means that it does not suffer from endogeneity issues. Second, it provides a way of
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quantifying and comparing the contribution of a given trade to fundamental volatility.
Price discovery is essentially price volatility that occurs in response to information about
fundamentals. This information is incorporated into prices via trades and/or quote up-
dates. Thus, by quantifying the contribution of trades to the volatility of permanent
price changes, the Hasbrouck VAR framework allows us to quantify the contribution of
trades to information.
We estimate both our price impact calendar time regressions and the Hasbrouck VAR
using transaction reports exclusively for the LSE, the largest lit venue in the U.K. by
traded volume. We do this because we want to capture the tick-by-tick relationship
between HFT activity and prices on a single order book. As mentioned earlier, the LSE
captured between 55% and 70% of the total U.K. lit volume over our sample period.
In doing so, it is worth noting that although we can distinguish the activity of stand-
alone HFTs, we cannot distinguish any HFT activity of particular trading desks within
larger institutions. This means that when drawing comparisons between the various
groups of HFTs and all other traders (labeled “Others”), our results are likely to be
biased because the “Others” category may include HFTs not covered by ZEN. To the
extent however that the unobserved, desk-level, HFT activity is similar to that of stand-
alone firms, this bias will understate the differences between HFTs and non-HFTs. In
other words, in the absence of the bias, any differences between HFTs and non-HFTs
would likely be even more pronounced. Similarly, we cannot assess the degree to which
HFTs (especially the passive ones) contribute to price formation via quotes since we do
not observe individual quoting behavior.
4.1 Clock-time price impact regressions
We start our analysis of the information contribution of the various HFT groups by
estimating a standard price impact specification in calendar time, similar to the one used
in Chordia and Subrahmanyam (2004), albeit at a higher frequency. More specifically,
18


















t−1 + ut ,
where t denotes either 10, or 30-second time intervals and OF it is the order flow of
each group of market participants aggregated over time interval t. For instance, the
order flow of the aggressive group is defined as: OFAggressivet =
∑
i∈Aggr.HFT OFi,t where
OFi,t = V lm
take
i,t (buy) − V lmtakei,t (sell). The other groups are the neutral and passive
HFTs, as well as all other market participants (labeled “Others”). All variables are
normalized by their own standard deviations at the stock level. For the estimation, we
drop any stocks with negligible HFT activity. In particular, we drop those stocks for
which there are fewer than 10 aggressive trades by each group over the entire sample
period. This reduces the number of stocks to 84. After estimating the model, we test
if the means of the estimated coefficients are statistically different from zero. We do
this for all the stocks in our sample as well as each stock size quartile separately. The
average coefficients and the associated t-statistics are shown in Table 3. Panels A and
B of Table 3 show the results obtained when aggregating activity over 10-second and
30-second intervals, respectively.21
The results in Table 3 show that order flow of the various groups and of all other
market participants is strongly contemporaneously correlated with returns. This is to be
expected and consistent with the literature. The coefficients on lagged order flow however,
show some important differences between the various groups. In particular, aggressive
HFT firms appear to be trading in the direction of future price changes to a much larger
degree than neutral and passive firms. In fact, the order flow of the passive firms is
associated with price reversals, as the negative average point estimates of their lagged
order flow suggest. These effects persist regardless of the time frequency used for the
aggregation of the variables or the size quartile to which the stocks belong. These results
are consistent with the liquidity-taking trades of aggressive firms contributing a larger
21We also estimate model (9) using excess returns as a dependent variable, but the results are similar.
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amount of information and these firms being likely the ones primarily responsible for the
positive impact of HFT activity on price discovery documented in Brogaard, Hendershott,
and Riordan (2014a). On the contrary, neutral and passive HFTs’ order flow is not in
the direction of future price changes and in several instances is in the opposite direction.
This trading activity is less consistent with information contribution. For passive HFTs,
this may well be the case if these firms engage primarily in market making strategies. In
any case, the above results cannot be definitive due to potential simultaneity or reverse
causality present in the contemporaneous effects. For this reason, we next estimate a
tick-time specification.
4.2 Hasbrouck VAR regressions and HFT information contri-
bution
To measure the information contribution of HFTs’ trades, we next estimate, in tick time,
a Hasbrouck (1991a)-inspired VAR model of transactions and returns. We estimate the
model separately for each stock and for the entire time span of our sample. Using 10
























































































































t−i + 5t ,
(10)
where t gets updated whenever there is either a transaction or a quote update, rt is the
mid-quote return calculated from one event to the next, and qjt takes the values −1, 0,+1
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depending on whether a member of trader category j sells aggressively, does not trade at
all, or buys aggressively. By updating time this way, we always have a mid-quote return
update when there is a transaction but not the other way around. That is, there can be
a mid-quote return update without a contemporaneous transaction.
Apart from the return equation, the model features a transaction equation for each
of the three groups and one for all other traders. In this sense, our approach is similar to
that of Barclay et al. (2003) and Hendershott and Riordan (2011). Transaction variables
can contemporaneously influence the return variable but not vice versa. This implies
that causality runs contemporaneously only from trades to quote revisions. This is true
in an electronic order book since a market order of sufficient size can exceed the depth
of the best available quote and thereby contemporaneously change the prevailing best
quote. Also, the model does not allow trades of the various groups to contemporaneously
influence each other.22,23
This specification explicitly takes into account potential interactions and feedback
effects between the activity of the various groups and of the other traders. Although HFTs
do not observe each others’ (and other market participants’) identities, our specification
is motivated by the fact that HFTs are known to engage in “order flow” (or “order
anticipation”) trading strategies whereby they attempt to identify and exploit patterns
in the trading volume and order flow of a given stock.
We estimate the VAR model for the entire sample period, appropriately adjusting
for end-of-day effects.24 We apply the same filter as in the calendar time price impact
regressions and drop those stocks for which there are fewer than 10 aggressive trades by
each group over the entire sample period. This reduces the number of stocks to 84. After
estimating this model, we invert the lag polynomials and apply a Choleski decomposition
22A contemporaneous relationship between transactions is meaningful only if one aggregates the trading
activity of various participants in fixed calendar time intervals. When operating in tick time, two
aggressive trades cannot, by definition, coincide.
23The error terms satisfy: E[itis] = E[itjs] = 0 for i 6= j and s < t. Although the inclusion of
contemporaneous terms in the return equation implies that E[1t2t] = E[1t3t] = E[1t4t] = E[1t5t] =
0, the error terms of the transaction equations are contemporaneously correlated with one another
because, at each tick, only one of the four transaction variables can be non-zero. This means that
E[′] = Σ, where  is the error term vector and Σ has non-diagonal elements.
24The first 10 observations of each day are used as independent variables for the 11th observation but
not as dependent variables themselves.
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on the error covariance matrix Σ in order to obtain a vector moving average (VMA) form
with orthogonal errors.
We next utilize the variance decomposition method of Hasbrouck (1991b) to assess
the information contribution of the trades of the three groups and also to see how this
compares with the information contribution of the rest of the traders (labelled “Others”).
The Hasbrouck (1991b) framework allows us to do this since it adds some structure to the
price process by assuming that the observed price has a non-transitory (random walk)
component that reflects the efficient price and a transitory (stationary) component that
reflects the residual noise. Thus, the observed price (i.e., the prevailing quote midpoint)
is assumed to equal:
pt = p
∗
t + st , (11)
where the efficient price p∗t is a random walk:
p∗t = p
∗
t−1 + vt, vt ∼ iid(0, σ2v) (12)
and the residual noise is assumed to have no long-term impact on prices, i.e., limh→∞Et[st+h] =
0. In other words, assuming that the efficient price follows a random walk, any station-
ary deviations from a random walk behavior are classified as “noise.” The observed price
innovation is then equal to:
rt = pt − pt−1 = ∆p∗t + ∆st , (13)
where ∆p∗t is the permanent price effect due to information and ∆st is the transitory
effect due to noise.
Using the VAR framework in Equation (10), along with its VMA representation, the



























where e1t, e2t, etc. are the orthogonal errors of the VMA representation and the sums
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are over the coefficients of each of the infinite order lag polynomials a(L) to f(L) of the
VMA representation of rt. Since the VMA model errors are spherical with unit variance,



























The first term in Equation (15) represents the contribution to the efficient price innovation
from public information (i.e., quote updates) and the rest of the terms represent the
contributions from private information by the passive, neutral, and aggressive HFTs and
all other traders, respectively.25


























where σˆ2v has also been estimated using 50 lags.
Table 4 shows the estimates of the information contributions for the HFT groups that
we have identified, the rest of the traders, and of quote updates. Table 5 shows the
differences, along with the associated t-statistics, of the information ratios of the groups
and the rest of the traders. In both cases, we report estimates for the entire sample of
stocks, as well as for each stock size quartile.
Table 4 shows that the stand-alone HFTs in our sample collectively account for about
6% of the total information contribution in all of the 84 stocks. This is broken down into a
4.1% contribution for aggressive HFTs, a 1.3% contribution for neutral HFTs and a 0.7%
contribution for passive ones. The rest of the traders contribute 37% of the information
and quote updates contribute the remaining 57.3%. Overall, HFTs contribute 14% of the
total information impounded into prices exclusively via aggressive trades while the rest of
the traders collectively contribute 86%. Thus, the stand-alone HFTs in our sample make
25The term “private information” is used here to describe any piece of information that is incorporated
into prices through trades. In the same fashion, “public information” is any piece of information that is
reflected in prices via quote updates. The fact however that quotes are provided by (potentially informed)
traders, suggests that the labels “private” and “public” are probably not very accurate. We nevertheless
use them as they are somewhat standard in the microstructure literature.
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a significant contribution to price discovery. This also suggests that HFTs are able to
exploit information signals that are distinct from those that slower market participants
trade on. This is consistent with the findings of Brogaard, Hendershott, and Riordan
(2014a) and Chaboud et al. (2014), who show that HFTs make a positive contribution
to price discovery.
Furthermore, there are substantial differences between the various groups that we
examine. HFTs in the aggressive group have a larger total information contribution
via aggressive trades than neutral HFTs, who in turn have a larger contribution than
passive ones. Of the 14% total HFT trade-induced information contribution, about 10%
is accounted for by aggressive HFTs, 3% by neutral ones, and the remaining 1% by passive
HFTs. This is presumably driven by the amount of aggressive trading that each group
does and reflects the type of strategies that different HFTs employ. Aggressive HFTs are
more likely to try to capitalize on the immediacy of market orders by reacting quickly to
news and information: thus, their larger information contribution. On the other hand,
passive HFTs are more likely to follow market making strategies and be less concerned
about trading aggressively and quickly on new information. These shares do not vary
significantly across stock size quartiles. Table 5 shows that the differences in information
shares among HFTs, other traders, and returns are almost always statistically significant.
In Table 6 we divide the fractions of trade-related information contribution of each
group with their respective fractions of total aggressive volume. The general pattern that
emerges is that the more aggressive HFTs are, the less information they contribute on
a per-trade basis. We think that this is indicative of the finite investment opportunities
associated with HFT. In other words, as HFTs attempt to exploit more information
signals, either these signals become noisier or they become more difficult to process.
This, in turn, could be either because of constraints in HFT computational capacity or
because of sheer competition among HFTs. Thus, the informativeness of the average
aggressive trade declines. This confirms anecdotal evidence of relatively limited capital
being dedicated to HFT activity because the strategies that HFTs employ, although
highly profitable, are not scalable. Overall, these results give us additional insights about
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the importance of HFT activity for price efficiency and also how this varies in the cross-
section of HFTs and with the strategies that they employ.
5 Summary and future research
We utilize transactions data from the U.K. equity market to quantify HFTs’ contribution
to price discovery and see how this varies in the HFT cross-section. The fact that we
observe trader identities allows us to group HFTs, based on their liquidity taking/making
behavior, into aggressive, neutral, and passive ones and to examine how price discovery
contribution varies across these three groups. Our sample covers 92 FTSE 100 stocks
over a four-month period.
We first show that HFTs exhibit variability in their trading strategies by documenting
differences in liquidity provision, end-of-day and maximum intra-day positions, trading
revenues, etc. The variability in strategies also translates into different sensitivities of
HFT position changes to inventory levels and to recent price changes. Whereas all HFTs
have mean-reverting inventories over longer horizons, aggressive HFTs tend to trade in a
contrarian fashion (i.e., in the opposite direction of recent price changes), neutral HFTs
are trend chasers (i.e., they trade in the same direction as recent price changes) and
passive HFTs exhibit behavior consistent with market making.
We then examine HFT contribution to price discovery and how this varies across
groups. We start by estimating a calendar time price impact specification that shows
that the order flow of the aggressive HFTs is in the direction of future price changes.
This is not the case for either the neutral or the passive HFTs; in fact, the order flow of
the passive group is in the opposite direction of future price changes. This is consistent
with the aggressive HFTs being the main contributors to price discovery.
We complement the price impact regressions with a variance decomposition analysis
that utilizes the framework of Hasbrouck (1991a, 1991b) and we show that HFTs collec-
tively contribute about 14% of the total trade-related information (or price discovery).
Of this, about 10% is accounted for by aggressive HFTs, 3% by neutral ones, and the
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remaining 1% by passive HFTs. We interpret this as evidence that the aggressive HFTs
are the ones who primarily employ strategies that aim to quickly and accurately respond
to and trade on new information as it arrives at the market place. The passive HFTs’
limited information contribution is consistent with the notion that these HFTs primarily
act as market makers. These results are relatively stable with stock market capitalization.
Finally, we show that when scaled with the fraction of aggressively executed volume,
these information shares decline as aggressive volume increases. This suggests that HFTs’
trading strategies (at least those that rely on aggressive trading) are not scalable. If
anything, it appears that as HFTs expand the set of signals on which they choose to
trade upon, the average quality of the signal extraction process declines. This could
be either because the signals themselves become noisier and/or because HFTs’ signal
processing capability is limited.
The literature on HFT is expanding quickly, particularly as new and better data
gradually becomes available. A natural extension of our current work would be to examine
how HFT-induced price discovery materializes across trading venues. In other words, to
see if and to what extent HFT firms respond to signals received from the order book of
one exchange, to trade in another.
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Appendix
A. Description and implementation of the Lee and Ready (1991)
algorithm
To classify trades as buyer or seller-initiated, we apply the Lee and Ready (1991) algo-
rithm in the Bloomberg universe of all trades and quotes. The algorithm classifies a trade
as buyer- (seller-) initiated if it is executed above (below) the midpoint of the bid and
ask quotes. The rationale is that a trade executed close to the bid (ask) price is more
likely to be seller- (buyer-) initiated. For the trades that lie on the bid-ask midpoint,
the tick test is used for their classification. The “tick test” classifies a midpoint trade as
buyer-initiated if it is executed at a higher price than the previous trade (an “uptick”)
and as seller-initiated if it is executed at a lower price (a “downtick”). If the previous
trade is also executed at the same price and on the quote midpoint, the tick test looks at
the next most recent trade until it reaches a change in the trade price (“zero uptick” or
“zero downtick”).
More precisely, to implement the Lee-Ready algorithm, we go through the following
steps:
1. Top of order book reconstruction: We reconstruct the top of the LSE order book
over the entire sample period. Since the quote data from Bloomberg are reported
in chronological order, the bid and ask quotes at a given time are set equal to the
most recently reported quotes.
2. Implementing the Lee-Ready algorithm: The next step is to implement the Lee-
Ready algorithm in the Bloomberg universe by matching transactions with the
prevailing top of the book quotes. Thus, each transaction price is matched with
the most recent, best bid and ask quotes. The fact that Bloomberg trades and
quotes are chronologically ordered allows us to do an exact time matching. We
then classify trades as buyer- or seller-initiated by comparing the transaction price
with the prevailing quote. If the transaction price happens to equal the midpoint
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of the prevailing spread, we then apply the tick test as described above.
3. Classifying the HFT trades : To identify the instances where a HFT is the initiator
of a trade, we compare the Lee-Ready classification with the buy-sell indicator of
the ZEN trade report submitted by the HFT: if the Lee-Ready algorithm classifies
a given trade as buyer-initiated and the reporting HFT i identifies herself as the
buyer in the matched ZEN report, then this HFT placed the aggressive order. If the
HFT identifies herself as a seller, then she is not the party who initiated the trade
and therefore she placed the limit order. In short, the identification procedure is as
follows:
1. If the Lee-Ready classification matches the buy-sell indicator in ZEN as re-
ported by HFT i, then this is an aggressive trade and HFT i is consuming
liquidity.
2. If the Lee-Ready classification does not match the buy-sell indicator in ZEN
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Table 3: Clock-time price impact regression results. For each stock in our sample, we
estimate model (9) and then test whether average coefficients (across stocks) are equal
to zero. The model is estimated by aggregating activity over 10-second (Panel A) and
30-second intervals (Panel B). We report averages over all stocks, as well as over each
stock size quartile. For the estimation we include only those stocks with a minimum of
10 aggressive trades by each group over the entire sample period. The resulting data
include all transactions from 84 FTSE 100 stocks, executed on the LSE, over the time
period from September 1, 2012, to December 31, 2012.
Panel A: 10-second interval
All Stocks 1st Qrt 2nd Qrt
Coefficients t-statistics Coefficients t-statistics Coefficients t-statistics
OFOtherst 0.235 26.48 0.234 12.56 0.255 14.71
OFOtherst−1 0.013 10.41 0.010 3.72 0.013 4.81
OFAggressivet 0.072 17.60 0.069 7.84 0.071 8.05
OFAggressivet−1 0.003 5.55 0.003 3.01 0.004 3.65
OFNeutralt 0.046 9.99 0.066 6.26 0.043 4.71
OFNeutralt−1 0.000 0.65 0.000 −0.13 0.000 −0.36
OFPassivet 0.060 4.45 0.074 3.09 0.075 2.47
OFPassivet−1 −0.001 −1.07 −0.001 −0.34 −0.001 −0.28
Avg. R2 0.10 0.10 0.12
3rd Qrt 4th Qrt
Coefficients t-statistics Coefficients t-statistics
OFOtherst 0.250 13.48 0.199 13.66
OFOtherst−1 0.010 6.32 0.018 7.75
OFAggressivet 0.064 10.70 0.085 9.88
OFAggressivet−1 0.002 1.91 0.005 2.85
OFNeutralt 0.042 5.48 0.032 4.06
OFNeutralt−1 0.001 0.64 0.001 1.36
OFPassivet 0.070 1.94 0.018 3.47
OFPassivet−1 −0.005 −1.40 0.001 1.43
Average R2 0.12 0.07
36
Table 3 continued
Panel B: 30-second intervals
All Stocks 1st Qrt 2nd Qrt
Coefficients t-statistics Coefficients t-statistics Coefficients t-statistics
OFOtherst 0.269 22.70 0.249 11.19 0.289 12.22
OFOtherst−1 0.009 9.57 0.002 3.37 0.009 5.72
OFAggressivet 0.076 13.83 0.063 6.28 0.077 6.85
OFAggressivet−1 0.001 3.97 −0.001 −1.81 0.003 3.27
OFNeutralt 0.052 8.93 0.070 5.67 0.050 4.33
OFNeutralt−1 −0.002 −0.46 −0.004 −0.10 −0.002 −0.30
OFPassivet 0.065 4.53 0.082 2.97 0.085 2.45
OFPassivet−1 −0.002 −1.20 −0.003 −0.22 −0.004 −0.25
Average R2 0.13 0.11 0.15
3rd Qrt 4th Qrt
Coefficients t-statistics Coefficients t-statistics
OFOtherst 0.291 11.64 0.244 10.75
OFOtherst−1 0.006 4.75 0.017 8.50
OFAggressivet 0.070 7.85 0.095 7.41
OFAggressivet−1 0.002 1.58 0.002 1.94
OFNeutralt 0.048 4.30 0.038 3.53
OFNeutralt−1 −0.001 −0.50 −0.002 −0.61
OFPassivet 0.068 2.11 0.023 2.90
OFPassivet−1 −0.002 −4.27 0.001 0.99





































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Figure 1: Frequency distributions of HFT activity variables. We calculate the HFT activity
variables for each HFT-stock-day and report the resulting frequency distributions. The data
include transactions for the 92 FTSE 100 stocks in our sample, executed on four U.K. lit venues
(LSE, CHI-X, BATS, and Turquoise) over the time period from September 1, 2012, to December
31, 2012. HFT-stock-days with no activity are excluded.
(a) Value Traded (GBP)- log scale
(b) Number of Trades
(c) Volume Participation (%)
41
(d) Maximum Intra-day Position (% of Volume)
(e) End-of-day Position (% of Volume)
42
Figure 2: Average aggressiveness ratios of the various groups over time. The aggres-
siveness ratios are calculated for each HFT-stock-day as defined in equation (6) and are
based on LSE trades and quotes. The passive, neutral and aggressive groups consist of all
HFTs with median(AggrRatio) ≤ 0.33, 0.33 < median(AggrRatio) ≤ 0.66 and 0.66 <
median(AggrRatio) respectively. The aggressiveness ratios are then averaged over the HFT
firms of each group. The data include all transactions on the 92 FTSE 100 stocks of our sample
executed on the LSE over the time period from September 1, 2012, to December 31, 2012.
HFT-stock-days with no activity are excluded
43
Figure 3: Autocorrelations of HFT inventory positions, sampled every day. For each HFT-
stock, we calculate the inventory autocorrelations up to 20 lags and then average these au-
tocorrelations over each of the three groups. The inventories are calculated by carrying over
the previous day outstanding positions. The horizontal line denotes significance at 5%. The
passive, neutral and aggressive groups consist of all HFTs with median(AggrRatio) ≤ 0.33,
0.33 < median(AggrRatio) ≤ 0.66 and 0.66 < median(AggrRatio) respectively. The ag-
gressiveness ratios are then averaged over the HFT firms of each group. The data include
transactions for the 92 FTSE 100 stocks in our sample, executed on four U.K. lit venues (LSE,






Figure 4: Autocorrelations of HFT inventory positions, sampled every two hours. For each
HFT-stock, we calculate the inventory autocorrelations up to 20 lags and then average these
autocorrelations over each of the three groups. The inventories are calculated by carrying
over the previous day outstanding positions. The horizontal line denotes significance at 5%.
The passive, neutral and aggressive groups consist of all HFTs with median(AggrRatio) ≤
0.33, 0.33 < median(AggrRatio) ≤ 0.66 and 0.66 < median(AggrRatio) respectively. The
aggressiveness ratios are then averaged over the HFT firms of each group. The data include
transactions for the 92 FTSE 100 stocks in our sample, executed on four U.K. lit venues (LSE,
CHI-X, BATS, and Turquoise) over the time period from September 1, 2012, to December 31,
2012.
(a) Aggressive HFTs
(b) Neutral HFTs
(c) Passive HFTs
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